Abstract-In this paper we extend the base station (BS) assignment problem to incorporate backhaul related constraints into the assignment decision. This is motivated by the fact that the deployment of more spectral efficient radio access technologies are currently imposing stringent bandwidth requirements at cell sites, and there is a growing concern that backhaul network can become a new network bottleneck in certain deployment scenarios. Unlike existing assignment approaches, we propose a BS assignment algorithm envisioned as a suitable technique capable to cope, at some extent, with possible backhaul congestion situations in OFDMA-based systems. Simulation results demonstrate that the proposed algorithm can provide the same system capacity with less backhaul resources so that, under backhaul bottleneck situations, a better overall network performance is effectively achieved.
INTRODUCTION
Next generation mobile broadband solutions have clearly consolidated the adoption of orthogonal frequency division multiple access (OFDMA) schemes as an efficient technology for wireless transmission, both in the public cellular arena (e.g., 3GPP LTE and Mobile WiMAX networks) as well as in the path towards supporting broadband data rates in other specialised wireless communications solutions (e.g., advanced PMR systems). OFDMA splits the entire bandwidth into several sets of subcarriers and allows for the exploitation of multiuser diversity by managing both time and frequency components in the radio resource allocation process [1] . To fully exploit OFDMA capabilities, efficient radio resource allocation techniques are crucial. In this context, the BS assignment problem, that is, the selection of the most appropriate BS to handle radio transmission to/from mobile terminals, constitutes a key component of the overall resource allocation process [2] . So far, existing BS assignment solutions (e.g., [2] - [5] ) consider that the main bottleneck of wireless systems is on the air interface. This assumption has been proven to be valid for traditional cellular voice networks where, as the aggregate traffic rate supported per cell site is relatively low, backhaul dimensioning accounting for air interface peak rates was an economically feasible option. However, as OFDMA-based systems are able to deliver high peak data rates over the air interface, a dimensioning approach of the mobile backhaul network based on peak rate capacities no longer constitutes an efficient option. It's worth noting that mechanisms like Adaptive Modulation and Coding (AMC) and soft frequency reuse techniques used in OFDMA networks can turn into a high variation between the mean and peak aggregate traffic rate supported in a given BS attending to the users' spatial distribution (e.g., if users are close to the BS, the aggregated rate supported in the air interface can be several times higher than that achieved under an uniform user distribution).
Hence, considering that backhaul costs could represent as much as one quarter of the total of network costs [6] , operators may be hesitant to invest from the beginning in additional backhaul capacity to support temporary peak data rates during busy hours, so it becomes essential to make an efficient use of the available transmission resources. At this regard, best practices for backhaul design has been recently issued by NGMN Alliance [7] and there is an increasing number of solutions that can be adopted from different vendors to optimize the backhaul network [8] . As well, flow control mechanisms have been introduced in current mobile networks between BSs and radio controllers to partially mitigate traffic peaks in the backhaul links at the expenses of an increased delay in some services [9] , [10] . Attending to previous considerations, the probability of facing a situation where the backhaul capacity of a given cell site becomes the bottleneck should not be underestimated [11] .
In this paper we propose to take into consideration the available backhaul capacity into the radio resource allocation process of an OFDMA network, and, in particular, within the BS assignment process. We develop a backhaul-aware BS assignment algorithm envisioned as a suitable technique capable to cope, at some extent, with possible backhaul congestion situations in OFDMA-based systems. The basic idea behind the proposed BS assignment algorithm is to prevent the assignment of users to their "best radio" BSs when backhaul congestion arises by means of redirecting them to neighboring BSs with enough radio and backhaul capacity. It is clear that this possibility comes at the expenses of a less efficient utilization of radio resources as some users are going to be served by BSs other than their "best radio" BS. However, this unavoidable tradeoff between reducing congestion in backhaul and an efficient usage of the radio is proven to be successfully exploited by the proposed algorithm, turning ultimately into a better overall system performance. The remainder of the paper is organized as follows. Next section describes the system model of an OFDMA-based network. The formulation of the BS assignment problem that includes backhaul constraints is introduced in section III. The mapping of the problem to an MMKP and the description of proposed algorithm to solve the problem are given in section IV. Section V provides numerical results regarding the performance of the BS assignment algorithm and concluding remarks of the paper are presented in section VI.
II. SYSTEM MODEL
We consider a downlink OFDMA-based cellular network with N BSs that cover a geographical area in which there are M active users, as illustrated in Fig. 1 . Each user i{1,…,M} is assumed to have a minimum data rate requirement, denoted as R i min . The overall network uses a single frequency channel with a total bandwidth BW that it is divided into K OFDM subcarriers so that each BS j{1,…,N}, can operate a subset of K j subcarriers attending to a given reuse pattern. Radio and transport resources are assumed to be allocated to each user in a single BS, i.e., no macrodiversity support is considered. The model considers that each BS is constrained by a limited amount of radio and transport resources. As to radio resource constraints, each BS is assumed to be able to allocate simultaneously a maximum of K j subcarriers and has a maximum downlink transmission power limitation P j max . The radio channel gain between BS j and user i is modeled by a vector ,
where G i,j,k denotes the radio channel gain over subcarrier k{1,…,K j }. As to transport resource constraints, we assumed that each BS j is provisioned with a maximum transport capacity C j trans (in bits/sec), i.e., the available bandwidth in the path connecting BS j with an upper node, called here as the access gateway (aGW), in the mobile network.
For each possible assignment, we need to first determine the amount of resources required by each user to fulfil users' rate requirements. This is done by defining a radio cost function, denoted as  ij , and a transport cost function, indicated as  ij , to reflect the resource consumption when assigning user i to BS j. In addition, a utility function is also defined in order to quantify the appropriateness of each BS assignment in terms of the bit rate efficiency of the allocated resources. Details of utility and resource cost functions are provided in the following.
A. Radio Resource Cost
In a cellular OFDMA system, the computation of the SINR achieved at subcarrier k in the receiver of user i served by BS j, is obtained as follows:
where G i,j,k is the radio channel gain between BS j and user i over subcarrier k, P i,j,k is the transmit power of BS j on subcarrier k allocated to user i,  is the thermal noise per subcarrier, and I i,j,k is the co-channel interference (CCI) power received by user i in that subcarrier. The value of the cochannel interference I i,j,k can be computed as:
, , ,
where P i,n,k is the transmit power of interfering BS n, on subcarrier k assigned to other user m ≠ i. Equation (1) denotes the channel frequency response of user i on subcarrier k, and the achievable transmission rate r i,j,k on this subcarrier of user i assigned to BS j is given by:
Hence, if all the resources of BS j were allocated to user i, the maximum achievable rate would be:
Over such a basis, considering that BS j allocates a given amount of subcarriers to user i, denoted as K ij , being K ij < K j , during the transmission time T ij , being T ij < T s , where T s is a scheduling reference time, we could relate the achievable rate to the amount of used subcarriers and the amount of allocated transmission time, required to meet user's minimum rate requirement:
From previous expression, the radio resource cost  ij is defined directly as:
where  ij =1 would mean that user i makes use of all available radio resources at BS j. Attending to practical considerations, it is considered that there is a limited set of modulation and coding schemes (MCS) that must be used on each subcarrier, thus reducing the output of (2)- (4) to a set of discrete values. Thus, we can define the peak rate over the air interface of BS j, denoted as C j air , as the highest achievable aggregate data rate when using all subcarriers continuously with the highest rate MCS.
B. Transport Resource Cost
The transport cost  ij associated with the assignment of user i to BS j is defined as the ratio of the required user bit rate R i min to the available transport capacity of BS j, denoted as C j trans , that is:
As a matter of clearly relating the transport capacity C j trans , to the peak rate of the radio interface C j air , we define the transport capacity factor  j as follows:
Note that  j =1 would indicate that the transport capacity of BS j has been provisioned to support the maximum throughput that the air interface can achieve.
C. Utility Function
Commonly, a utility function is a non-decreasing function of the amount of allocated network resources and its shape (e.g., step, convex, concave or sigmoid are often used) depends on the expected benefit that resource allocation can bring into a given system [12] . We formulate the utility function to reflect the bit rate efficiency of the allocated resources to supporting the data transfer of each user assigned to a given BS. The utility function u ij denotes the suitability of each assignment, so u ij > u il would mean that BS j is more appropriate than BS l to serve user i in terms of the bit rate efficiency. As well, u ij > u lj would indicate that is better to assign user i to BS j than user l. Over such a basis, the air interface efficiency is directly computed as the spectral efficiency. As to the transport resources, it's assumed that all assignments have the same efficiency. That is, the resources needed to transport 1b/s of a user between the aGW and the correspondent BS are assumed to be the same for all BSs, noticing here that other assumptions, e.g., based on transport provisioning costs, could be also possible but are out of the scope of this work. Hence, the utility function is defined as:
Then, assignments to BSs where users have high values of SINR are favored.
III. PROBLEM FORMULATION
The BS assignment problem is modelled as a non-linear optimization problem aimed to find an assignment solution for which a maximum utility is attained subject to a set of radio (BS power) and backhaul (aggregate bit rate) resource constraints and also attending to minimum user bit rate requirements. Let B = {b ij } MxN denote the BS assignment matrix, where variable b ij =1 if user i is assigned to BS j, or zero otherwise. The BS assignment problem can be formally written as:
The optimization problem aims to maximize the total welfare utility (8) of the assignments in the system. Under the considered objective function, the assignments that lead to have a most efficient connection, in terms of the bit rate efficiency of the allocated radio resources, are preferred. The set of constraints in (9) and (10) assures that no more resources than available are assigned to each BS. The third set of constraints (11) denotes that all users need to be assigned to a single BS, while (12) indicates the individual rate required by each user. Moreover, to avoid splitting or partial assignment of users, constraint (13) is used, which however leads to the combinatorial nature of the problem with exponentially growing complexity in the degrees of freedom.
Problem (8)- (13) is a non-linear combinatorial optimization problem since entries in the assignment matrix B can only take integer values. Notice that utility and radio resource cost functions are non-linear functions that depend on the SINR values, which in turn depend on the BS assignment of users because of the CCI. This means that utility and radio resource cost function values are coupled with the assignment of the users in the system, which brings more complexity into the BS assignment problem. To overcome this issue, we re-formulate the BS assignment problem under the practical consideration of considering a fully-loaded system [2] , where BSs are assumed to transmit at maximum power. In addition, we consider that the maximum transmission power of BS j is distributed uniformly, on average, over the K j subcarriers. Then, the cochannel interference can be re-written as:
where I i,j,k is the maximum co-channel interference value that user i can observe under full load conditions, and P n max is the maximum power limit of the interfering BS n. In this way, the computation of SINR under full load conditions by means of (1) does not depend on the BS assignment, neither do utility and radio costs values. The BS assignment problem in (8)- (13) can be mapped into a Multiple-Choice Multidimensional Knapsack Problem (MMKP) [13] . A MMKP considers a set of items, classified in I disjoint groups of J i items each, and a knapsack to pack some of them whose available capacity is modelled by means of S distinct resource constraints represented by (W 1 , W 2 ,…, W S ). Packing item j from group i in the knapsack provides a utility given by u ij at the expenses of requiring a portion of the knapsack capacity given by
The objective of the MMKP is to exactly select one item from each group to achieve the maximum aggregated utility without exceeding knapsack's capacity.
The MMKP problem is equivalent to our original optimization problem given by (8)- (13) (4) and (5), respectively.
IV. BS ASSIGNMENT ALGORITHM The proposed algorithm for solving the BS assignment problem is based on [14] , which makes Lagrange multipliers applicable to discrete optimization problems such as the MMKP. It is worth clarifying that the approach described in [14] have already been considered as a useful tool in some works [15] to solve resource allocation problems in OFDMA wireless networks. The framework behind the algorithm used in this paper was introduced in our previous work for CDMA networks detailed in [16] . Over such a basis, we have adapted the algorithm to the BS assignment problem in OFDMA networks. According to [17] , the optimal solution b ij *{0,1} of the unconstrained maximization problem
where  j and  j with j{1,…,N}, are non-negative Lagrange multipliers associated to radio and transport constraints of each BS, respectively, is also the optimal solution for the constrained optimization problem:
that is equivalent to our BS assignment problem except for condition (11) discussed later on. From (15) it is noted that, if
Lagrange multipliers  j and  j are known, the optimization problem can be easily solved. In fact, rewritten (15) as:
the optimal solution is given by:
where w ij is defined as the weighted utility, a metric that integrates the utility, resource costs and Lagrange multipliers regarding to each resource constraint. The constraint (11) related to group constraints can be easily taken into account by selecting, among possible assignments choices in (19) , the one that provides the maximum weighted utility. Hence, the BS assignment problem can be solved by computing the set of 2N multipliers. The solution is feasible if the amount of radio and transport resources allocated in each BS, denoted as  j and  j , in (17) and (18), respectively, do not exceed available resources. Furthermore, the solution is optimal if the following condition is held:
The main difficulty in solving the problem is how to efficiently compute the Lagrange multipliers. In this regard, we follow the approach used in [14] that is based upon the concept of graceful degradation of the most valuable choices. First, an initial temporary solution b ij {0,1} is derived from (19) by considering all Lagrange multipliers equal to zero (i.e., the weighted utility equals to the utility, so that each user is assigned to the "best" BS irrespective of its load). Then, multipliers associated to BSs that would exceed available resources are iteratively increased in a smart way until a feasible solution, if exists, is found. The increase of multipliers cause the reassignment of users from most loaded BSs to less loaded ones. For instance, assume that for a given set of fixed multipliers, BS j* has the highest radio resource constraint violation, that is  j *≥ j for j=1…N. So, attending to (19) , the reassignment of a given user i from BS j* to BS j could lead to a better solution if w ij > w ij * is hold, which can be achieved by incrementing the multiplier value belonging to the most offending constraint in BS j*.
V. PERFORMANCE EVALUATION
We consider a cellular layout of 19 hexagonal cells (one central cell and two tiers). A single frequency channel with 10MHz of bandwidth and a frequency reuse pattern of 3 are considered. The maximum transmission power of all BSs is limited to 43 dBm and their transport capacity is expressed in terms of the transport capacity factor . User terminals are assumed to be uniformly distributed over the entire service area. All users are assumed to have the same downlink data transmission rate requirement R i min . However, users exceeding a given maximum radio cost  ij max are provided with a data rate lower than the required.
We considered that the BS decision-making process must be able to follow channel variations due to propagation path loss and slow shadowing changes. Hence, minimum user rate requirements and resource costs used in the algorithm would represent average values taken over the time scale dictated by long-term channel variations (i.e., few hundreds of milliseconds). Under such an approach, the mean channel gain in each subcarrier k from BS j to user i, referred to G i,j,k , is the same for all subcarriers and will be simple denoted as G i,j . This approach does not preclude the applicability of the proposed algorithm in a problem also tackling fast fading fluctuations in the channel gain, e.g., a joint scheduling and BS assignment problem. In any case, this alternative approach is out of the scope of the current work that mainly tries to expose the benefits (or needs) to incorporate both radio and transport information in the ordinary BS assignment problem. Therefore, the computation of SINR i,j,k according to (1) leads also to the same value for all subcarriers, namely SINR i,j , since the interference levels are assumed to be uniformly distributed over the entire bandwidth, as argued previously and captured by (14) . So, upon the average SINR i,j , the modulation and coding scheme (MCS), and, consequently the corresponding achievable rate at the air interface, are taken from the look-up table provided in Table 1 .
Propagation losses are computed using the COST-231 Hata model [18] with parameters as provided in Table 2 . Shadowing is modeled with an 8 dB log-normal standard deviation for shadowing effect and spatial shadowing correlation of 50%. The radius of the cell has been chosen so that a signal to noise ratio SNR req = 3.4 dB is assured at the cell border with a probability of 95%, considering typical sample link budgets for mobile broadband systems [18] . All system parameters are summarised in Table 2 .
A. Evaluated BS Assignment Algorithms
We evaluate the performance of three different BS assignment algorithms:
 Algorithm A is a basic minimum path loss (MPL) approach that assigns each user to the BS with highest channel gain. Notice that, in case of full load conditions, Algorithm A would also be equivalent to an algorithm that assigns a user to the BS that provides the highest SINR.
 Algorithm B takes into consideration the radio load of BSs. Algorithm B is implemented by an straightforward adaptation of the algorithm described in previous section so that only radio resource constraints are considered in the assignment process (i.e., Lagrange multipliers associated to transport constraints are set to zero, and thus transport costs are forced to zero).
 Algorithm C represents an enhancement of Algorithm B as it considers both radio and transport load of BSs to determine the BS assignment solution. Algorithm C is realized by means of the proposed BS assignment approach.
The evaluation of the three algorithms is performed as follows. For a given snapshot of the system (i.e., random distribution of M users in the service area), a BS assignment solution for all the users is computed with each algorithm. For each of the obtained solutions, an accurate estimation of the real interference levels and consequently resource consumptions is undertaken by using a recursive algorithm such as the one proposed by Yates [19] to solve power levels under a fixed BS assignment. This step is needed to allow a fair comparison of the different schemes. At this regard, the real co-channel interference would be less than or equal to the maximum one considered in (14) when assuming a fullyloaded system. An estimation of this real co-channel interference , , i j k I  can be expressed as:
where  n denotes the radio interface's real load level of the interfering BS n, computed as:
where in   denotes the real radio cost (i.e., obtained from (4) using the real load level, unlike the value of  in considered in the algorithm logic that assumes full-load). Starting from full load conditions (i.e., initial values for  n are set to one), at each iteration, correspondent radio costs are computed and a new value for  n is obtained from (21) until the algorithm converges (notice that convergence is always achieved by not allowing values for  n greater than one). It is worth clarifying that in order to avoid the border effect in the characterization of the real interference, we consider two additional tiers of cells that are assumed to have a fixed air interface load of  n = 0.5. Fig. 2 presents the feasibility percentage observed on each resource constraint under different distribution of users/cell, rate requirements R min =200Kbps and transport capacity ={0.3, 0.4}. For each BS assignment solution provided by the algorithms we verify the feasibility of satisfying each resource type, i.e., radio and transport constraints, considered in (9) and (10), respectively. The feasibility percentage is obtained over a total of 10000 snapshots. In Fig. 2 (a) we consider a transport capacity factor =0.3 for all the BSs in the system. In case of 8 users per cell, we can observe that while solutions provided by the algorithms in general suffice air interface resources of BSs (i.e., feasibility of 100%, except for Algorithm A that achieves 98%), the transport constraint constitutes the more restricted resource as lower feasibility can be provided by the algorithms. Notice that in this case the overall feasibility of the solutions delivered by the algorithms is mainly driven by transport capacity rather than air interface restrictions. Under such capacity restriction, Algorithm C provides an increase in the feasibility on the transport constraint of around 10% respect to the other algorithms. This is because Algorithm C considers transport resources on the assignment selection, and it is more likely to provide a BS assignment configuration that may result in a feasible assignment from the transport standpoint. In Fig. 2 (b) we replicate the same scenario but now considering a transport capacity factor =0.4, where we can see that for 12 and 14 users per cell, transport resources still represent a capacity restriction for algorithms B and C.
B. Simulation Results
In the case of Algorithm A it is observed that it leads to a lower feasibility on the radio constraint, suggesting that this algorithm demands a higher amount of radio resources. It is worth clarifying that when a feasible BS assignment solution cannot be found by a BS assignment algorithm, degradation of users' data rate is consequently produced due to insufficient resources at the BSs to satisfy user rate requirements. In order to quantify the extent of this service degradation, we compare the three BS assignment algorithms in terms of the percentage of users that are provided a given data rate. In this sense, Fig. 3 shows the data rate degradation produced by each algorithm when considering a transport capacity factor of =0.3, with a distribution of 12 users per cell and a data rate requirement of R min =200 Kbps. Rate degradation of each user is computed by considering that each BS exceeding its radio and/or transport resources proportionally reduces the rate allocated to each served user. It is observed that Algorithm A exhibits the highest data rate degradation, so that it is able to guarantee the requested minimum data rate to around 75% of the total users. Lower data rate degradation is observed with algorithms B and C, where they can satisfy the minimum rate requirement for around 78% and 92%, respectively. We can see that in the first case the transport constraint constitutes the most restricted condition. For instance, in Fig. 4 (a) notice that for 8 users per cell the percentage of solutions satisfying both radio and transport constraints provided by Algorithm C is around 90%, whereas algorithms A and B achieves 7% and 15%, respectively.
Furthermore, for the same load of users per cell, Algorithm B requires 10% more of additional transport capacity in order to achieve performance close the provided by Algorithm C. That is, the BS assignment solutions found by Algorithm B satisfy both radio and transport constraints in around 85% of the cases when considering a transport capacity factor =0.4, as shown in Fig. 4 (b) . Finally, Fig. 5 provides the rate degradation produced as a result of resource limitations on the BSs. As before, Algorithm C is able to guarantee the data rate required to a higher number of users in the system.
VI. CONCLUDING REMARKS
In this paper we have developed a BS assignment algorithm that, unlike most of the existing mechanisms, it accounts for potential backhaul network constraints in the BS decision making process of an OFDMA-based cellular network. A utility-based and resource cost framework has been used to map the BS assignment problem to a MMKP and a heuristic algorithm with polynomial time complexity has been used to solve the problem. Simulation results shown that, in scenarios with limited transport capacity (i.e., scenarios where the transport capacity is less than half of the peak rate in the radio interface), the proposed algorithm brings up significant gains with respect to algorithms that are completely based on radio criteria in terms of the number of feasible BS assignment solutions it can determine, as well as in terms of the percentage of users that can be served guaranteeing their minimum bit rate constraints.
